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e introduce Progressive Growing of Patch Size (PGPS), an automatic curriculum learning approach for 3D
tation. Curriculum learning structures the training process by presenting progressively more complex sa
en improving training convergence. In our case, we operationalize this by starting training with small pa
increasing them, which naturally improves the foreground-to-background class voxel ratio in early trainin
ur approach in two distinct settings. First, a resource-efficient mode maintains a constant batch size th
uce the input tensor size and computational cost (FLOPs) relative to conventional training. Second, a per
y scales the batch size relative to the patch volume, keeping the total FLOPs comparable to standard train
nal segmentation quality. Both modes are evaluated on segmentation performance (Dice score) and comp
5 diverse and popular 3D medical image segmentation tasks. The resource-efficient mode matches the segm
f the conventional constant patch size baseline while reducing wall-clock training time to only 44%.

rmance mode improves upon the constant patch size baseline, achieving a statistically significant relativ
re of 1.28%. Remarkably, the performance mode surpasses the constant patch size baseline across all 15 tas

y reducing wall-clock training time to only 89%. We found that the benefits are particularly pronounced for t
und-to-background voxel imbalance, such as lesion segmentation. As a consequence of the improved con
erformance mode reduces segmentation performance variance relative to conventional constant patch size
comparisons less sensitive to training stochasticity. Finally, our experiments demonstrate that PGPS is no

ecture but represents a broadly applicable strategy that consistently boosts performance across diverse segm
ing UNet, UNETR, and SwinUNETR. In summary, this simple yet effective transformation of the input

antially improves both segmentation performance and training efficiency, while remaining compatible wit
backbones.

Medical Image Segmentation, Patch Sampling, Curriculum Learning, Class Imbalance

on

ch efforts in the area of medical image segmenta-
he development of new architectural concepts, in-
lution-based [1, 2], transformer-based [3, 4], and
ches [5, 6]. In contrast, comparatively little atten-
given to the training process itself, where mod-
dominantly trained using random data sampling
rowing body of work, however, suggests that the
samples are presented to a model matters.
ent strategies embody this idea: active learning

learning. Both approaches require a scoring

s: stefan.mi.fischer@tum.de (Stefan M. Fischer)
cher is corresponding author

n and Julia A. Schnabel contributed equally as senior authors.

methodology to define a sample order that reflects,
sense, the sample difficulty. Active learning [7, 8, 9
erates at the data acquisition stage, prioritizing the a
of samples expected to yield the greatest model impr
Curriculum learning, by contrast, operates during mo
ing itself: inspired by human learning, Bengio et al.
posed ordering training samples from easy to hard, de
ing that this structured progression leads to faster con
and improved performance relative to random sampl
riculum learning also has the potential to substantial
the computational costs of training, both in terms of
energy consumption, thereby benefiting the environm

Several approaches have been proposed to desig
ula for medical imaging. Some rely on human an
or expert knowledge to define task-specific measures

d to Medical Image Analysis Ju
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ter-rater agreement [13, 14]. However, expert
nsiderably increase the costs, making those ap-
infeasible. More general strategies estimate task

matically or synthetically change data complex-
ning. Sample loss has been used as a proxy for
ling hard-negative mining and adaptive oversam-
n in lung cancer segmentation [15]. In MRI-

mor segmentation, Havaei et al. [16] have intro-
ulum that improves robustness to missing modali-
ly dropping channels with increasing probability

g. Karras et al. [17] have proposed to progres-
generative adversarial network layer by layer, ef-
asing task difficulty as output resolution doubled.
has been used for natural image generation and

proved convergence, reduced training time, and
er model performance. Zhao et al. [18] have ex-
a to semantic segmentation of cervical nuclei by

growing the UNet model from its bottleneck.
y to define task difficulty is by sample length.
guage processing, curricula based on sentence
een used to accelerate the training of large lan-
such as BERT and GPT-2 [19, 20, 21, 22] and
pted into the high-performance training library
3]. In computer vision, an analogous measure is
everal works have employed curricula that (pro-
rease input resolution [24, 25, 26, 22, 27, 28, 29]
g. These methods consistently improve conver-
ng either more resource-efficient training with
erformance [24, 25, 27, 28, 29] or higher fi-
within the same training budget [26]. Several

been applied for visual backbone pretraining
7, 28, 29], by pretraining on ImageNet classifica-
r contrastive pretraining [26, 30, 31, 27, 28, 29].

ere is limited work in applying the sample-length
rectly to segmentation tasks [32], thus semantic
mostly benefits from curriculum learning only in-
nsferring pretrained weights [26, 25].
, we propose a Progressive Growing of Patch Size
hich is a novel sample-length curriculum for 3D

segmentation, defined through patch size. Our
s training on small patches, ensuring strong class
ly training, and progressively increases to large

provide a broader global context. Furthermore,
emory footprint of smaller patches early in train-
larger batch sizes under the same GPU budget.
our proposed curriculum, built on patch size, is
or dense prediction tasks such as semantic seg-
n the Progressive Resolution curriculum applied
ethods in the CV domain [24, 25, 26]. Further-
roach is an advancement over the conventionally
nt patch size sampling.
troduced the key concept of Progressive Grow-
Size (PGPS) in our previous work at MICCAI
here we have established the fundamental idea
ly increasing patch size during training. In this

tation performance, and largely broadening the exp
and analytical scope in the following ways: (i) We p
performance mode of the curriculum resulting in impr
mentation performance beyond the originally propose
in [33], enabling cheap dataloading of very large batch
efficiently sampling patches from a small number of
(ii) We have investigated the relationship between dat
acteristics and the observed performance gains, identi
proved class balance as the key factor driving the enh
sults.; (iii) We have proven the generalization to differ
bones by applying it successfully to one fully convolut
work, UNet, and two transformer-based networks, UN
SwinUNETR; (iv) We have analyzed the impact of s
training variability and show that the proposed per
mode notably reduces segmentation outcome varian
pared to conventional constant patch size training; (v)
conducted a direct comparison between our patch si
curriculum and an existing resolution-based curriculu
ing that our approach consistently achieves superior
tation performance.. In this work, we show that our
curriculum, built on patch size, improves segmentatio
mance in the form of Dice score, and at the same tim
the computational costs of training compared to con
constant patch size training.

2. Methods

This section describes the proposed methods and is
four parts. As a basis, we describe conventional way
pling in patch-based medical segmentation. Then, w
the theoretical design of the proposed curriculum lear
ter that, we introduce the efficient curriculum mode an
formance mode. Finally, we outline the nnU-Net fr
implementation of the curricula.

2.1. Sampling in Patch-based 3D Medical Image Segm

Three-dimensional (3D) medical image segmentati
damentally constrained by the large GPU memory requ
of volumetric data processing. Common strategies t
this limitation include: (1) using low-resolution mode
applying high-resolution patch-based methods [6, 5, 3
and (3) employing network cascades [36] or multi-
proaches [37]. Among these, it has been shown t
resolution patch-based methods generally yield superi
mance [36, 38]. Patch sampling strategies play a ce
in patch-based methods. nnU-Net adopts a “forced
pling” technique, where one foreground (FG) patch is
from a randomly chosen patient, with FG classes sele
equal probability, while another random patch is samp
a different patient [2]. In contrast, MONAI implemen
abilistic Oversampling” which applies probabilistic c
pling [39]. To maximize global context, standard p
to use the largest possible patch size that fits into GP
ory, typically with a batch size of two [2]. Even w
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w of the proposed Progressive Growing of Patch Size curriculum, illustrated for lung cancer segmentation (cancer regions highlighte
ith the minimal patch size Pmin and progressively increases the patch dimensions until the final maximal patch size Pmax is reached. Sm
tter foreground-to-background voxel balance, which decreases as the patch size grows. During inference, the maximum patch size Pma
global context. Figure is adapted from [33].

ational resources, nnU-Net prioritizes maximiz-
over increasing batch size, as exemplified in its
variants such as nnU-Net ResEnc M/L/XL [40].

ve Growing of Patch Size

principle of our proposed PGPS curriculum is to
ing with the smallest processable patch size and
increase to larger patches. The rationale for start-
er patches lies in task difficulty: smaller patches
ld a more balanced foreground-to-background
hereas this balance diminishes as patch size in-
theoretical case of a single-voxel patch, a batch

e foreground and one background patch would
t class balance, with half of the voxels belonging
nd and half to the background. As the patch size

er, the distribution converges toward the full vol-
which are typically dominated by background.

increments are applied in the smallest feasible
h axis adjusted independently. By gradually in-
atch size in minimal increments, transitions be-
stages are smoothed, as the segmentation tasks at
ch sizes remain closely related. This design pro-
ork with a structured sequence of progressively
ing tasks. An overview of this curriculum is il-
gure 1.
nimal patch size and the patch size increment de-
nput size constraints of the underlying network
The progression continues until the largest pos-
e is reached, which is typically constrained by
ory capacity or set to the network’s default patch
inference, the largest patch size is employed to
bal context, which usually achieves the highest
performance [2].

m Modes: Efficiency vs. Performance

two modes of the PGPS curriculum, tailored
jectives. PGPS-Efficiency minimizes training

runtime while maintaining performance comparable
dard constant patch size sampling. PGPS-Performa
to maximize segmentation performance. Intermediate
rations between these two extremes are also possible.
illustrates both modes for a lung lesion segmentation

PGPS-Efficiency: In PGPS-Efficiency, the batch siz
constant throughout training. Since the patch size is s
early stages, the number of computations is reduced, l
a substantial reduction in training time. This is illu
Figure 2 in green.

PGPS-Performance: In PGPS-Performance, the GP
ory budget is fully utilized by dynamically increasing
size when smaller patches are used. This design levera
able resources more effectively, with the goal of achi
highest possible segmentation performance. This is i
in Figure 2 in yellow.

2.4. nnU-Net Framework Implementation

In the following section, we describe the integratio
of default constant patch size sampling and the tw
ent proposed PGPS sampling modes into the nnU-N
work [2], which is the state-of-the-art 3D medical im
mentation framework [40]. A detailed pseudo code
curriculum modes implemented into the nnU-Net fram
given in Algorithm 1.

2.4.1. Baseline: Constant Patch Size Sampling
The baseline sampling method utilized in this stud

or constant patch size (CPS) sampling. This sampl
egy corresponds to the conventional configuration of
(patch-based) segmentation network.

We have chosen nnU-Net [2] as the underlying fram
it provides state-of-the-art performance and is auto-co
to downstream tasks. The default nnU-Net configurat
signed to achieve maximum global context by empl
largest possible patch size that fits within nnU-Net
GPU budget of 8GB.

3



Journal Pre-proof

P
ro

g
re

ss
iv

e 
G

ro
w

in
g

 o
f 

P
at

ch
 S

iz
e 

(P
er

fo
rm

an
ce

)

P
ro

g
re

ss
iv

e 
G

ro
w

in
g

 o
f 

P
at

ch
 S

iz
e 

(E
ff

ic
ie

n
cy

)

C
o

n
st

an
t 

P
at

ch
 S

iz
e

Sampling Techniques Training Characteristics

Figure 2: Compar curriculum
for lung lesion seg ize remains
constant, resulting e batch size
to the patch volum mple linear
function for the P omparable,
PGPS-Efficiency

Given a pat
patch size is s
by default app
are randomly s
(FG) patch wi
dom patch wi
for a batch is
of class imbal
class will be p
Net sets a batc
FG patch ratio

2.4.2. PGPS C
We integrat

Net framewor
fault nnU-Net
PGPS-Efficien
ing the batch s

For the PGP
cessable patch
processable in
cess. In the c
tional UNet b
dependent on
minimum patc
sampling oper
num pool is th
intermediate p
The maximal
by default app

The patch s
the minimal p

o have a
atch size
the low-
heme re-
pared to
ch patch
entation

es in this
given in

ch size is
constant,
reduced

atch size
ble GPU
reground
switches

uld intro-
o ensure
patch ra-
erent op-
multiple
segmen-
mbers of
cantly as
a result,

olume is
ound that
g one pa-
Jo
ur

na
l P

re
-p

ro
ofGrowing Patch Size

In
cr

ea
se

d 
B

at
ch

 S
iz

e

Training Progress [%]

P
at

ch
 S

iz
e

Batch Size × Patch Size = const

Batch Size = const, Patch Size = const

Batch Size = const

Training Progress (Iterations)

Training Progress (Iterations)

Training Progress (Iterations)

F
LO

P
s

CPS

PGPS-P
er

f

PGPS-E
ff

Training Progress [%]

B
at

ch
 S

iz
e

Training Progress [%]

C
la

ss
 B

al
an

ce

…

…

…

…

… …

Growing Patch Size

ison between vanilla constant patch size (CPS) training and the two proposed modes of the Progressive Growing of Patch Size (PGPS)
mentation. In both curriculum modes, the patch size is progressively increased during training. In PGPS-Efficiency (green), the batch s
on average in smaller input tensors. In PGPS-Performance (orange), the available GPU budget is fully utilized by inversely scaling th
e. On the right side, the general training characteristics for all three sampling techniques are plotted. Here, the patch size follows a si

GPS modes. PGPS results in increased foreground-to-background voxel balance. While FLOPs for CPS and PGPS-Performance are c
significantly reduces computational costs.

ch-based setting, where the maximal processable
maller than the target volume size, nnU-Net will
ly a batch size of two. In this setting, two patients
ampled, while from the first patient, a foreground
ll be created, and from the second patient, a ran-
ll be sampled. This default 50% FG patch ratio
designed to improve robustness in the presence
ance [2]. If multiple FG classes are present, one
icked randomly with equal probabilities. If nnU-
h size larger than two, the framework employs a
of 33%.

urricula
e the proposed PGPS curricula within the nnU-
k. This integration involves maintaining the de-
settings while only adjusting the patch size for
cy and PGPS-Performance, while also increas-
ize for PGPS-Performance.
S curricula, we have to define the minimal pro-
size and, given the maximal patch size, find all

termediate patch sizes that the network can pro-
ase of nnU-Net, which applies a fully convolu-
ackbone, the smallest processable patch size is
the number of downsampling operations. The
h size length depends on the number of down-

ations for a UNet, and is given by 2num pool, where
e number of pooling operations for each axis. All
atch sizes have to be fully divisible by 2num pool.
patch size is set to the patch size nnU-Net would
ly to the given task.
ize is increased in a step-wise linear fashion from
ossible patch size that the UNet allows until the

patch size reaches the nnU-Net’s target patch size. T
smaller input tensor size growth, we only increase the p
for one axis per step. We always select the axis with
est numerical value to increase the patch size. This sc
sults in a higher average batch size during training, com
naively sequentially increasing each axis. We train ea
size stage with the same number of epochs. Implem
differences between the newly proposed PGPS mod
article and the original MICCAI publication modes are
detail in Appendix E.

PGPS-Efficiency: For PGPS-Efficiency, only the pat
adjusted during training, while the batch size is kept
using the default nnU-Net batch size. This results in
GPU memory utilization for smaller patch sizes.

PGPS-Performance: In PGPS-Performance, both p
and batch size are adjusted to fully utilize the availa
memory budget. By default, nnU-Net enforces a fo
patch ratio of 33% for batch sizes larger than two, but
to 50% when the batch size is two. This setting wo
duce a discontinuity in the class balance trajectory. T
a smooth progression, we instead fix the foreground
tio to 50%, regardless of batch size. As there are diff
tions in how to increase the batch size, we evaluated
batch construction strategies regarding efficiency and
tation performance in Appendix A. Loading large nu
volumes can increase training wall-clock time signifi
the dataloading becomes the training bottleneck. As
we explored whether creating multiple patches per v
an effective strategy to overcome this limitation. We f
creating all patches from two patients per batch, usin
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ching strategy throughout the manuscript.

ts

.1, we introduce a set of widely used public med-
mentation datasets used for the experiments. In
e evaluate the PGPS curriculum modes, analyze
performance, computational costs (runtime and
onvergence properties, and compare them to the
size baseline. We present a correlation analysis

rmance differences and task-specific characteris-
3.3. A comparison between Progressive Resolu-
ur proposed method is provided in Section 3.4. In
e generalization of PGPS to different vision back-
tigated. Finally, the stochastic training variability
erformance across repeated trainings within the
strategies is examined in Section 3.6.

escriptions

curriculum methods, a wide range of publicly
entation datasets is utilized. In total, 15 dif-

dical semantic segmentation datasets have been
e dataset mix includes the Medical Segmenta-
n [41], comprising 10 distinct datasets covering
and vessel tasks. Additionally, the ToothFairy2
otalSegmentatorV2 [43], KiTS23 [44], AMOS22
[45] and BTCV [46] are included. These datasets
wide range of segmentation tasks, including le-

organs, bones, muscles, teeth, implants, and
rmore, the datasets represent different 3D modal-
T, Conebeam-CT, and MRI, and vary in size from
ranging from 20 to 1200 samples. They present a
of class numbers, from 2 (binary) to 117 classes.

rking of Methods on 15 Datasets

e segmentation performance, training runtime,
onal cost (FLOPs) of the PGPS curricula relative
tant patch size (CPS) training. The default nnU-
sing and training pipeline is applied, using the
tion patch-based variant for all tasks. For Tooth-

talSegmentatorV2, mirroring data augmentation
prior studies have demonstrated improved results
ring [47, 43]. For both datasets, we also evalu-
tation performance for nnU-Net training without
augmentation in Appendix B.

tation Performance
ark CPS, PGPS-Efficiency, and PGPS-
we follow the standard nnU-Net evaluation

odels are trained using 5-fold cross-validation,
s are averaged across all foreground classes.
hether segmentation performance differs signif-

en CPS and the PGPS curricula across the 15
d Wilcoxon signed-rank tests are performed on

3.2.2. Training Runtime Tracking
Training time is monitored, excluding validation.

periments have been conducted on a cluster with heter
GPU and CPU configurations, we propose a virtual rel
time to enable fair comparisons. For the PGPS curric
per epoch was recorded. We then compute the averag
for all maximal patch size epochs, which then repre
runtime of a single CPS epoch. Given that, we can t
pute the virtual runtime of a full CPS training under
hardware settings. We report the median across all 5 f

3.2.3. FLOPs Tracking
The number of Floating Point Operations (FLOPs) i

proportional to the size of input tensors. We recorded
number of iterated voxels during training for each stra
normalized them to the CPS value, yielding the relati
ence in computational cost between PGPS curricula a

3.2.4. Convergence Analysis
We analyze the convergence behavior of the three

strategies. For each strategy, models are trained acro
datasets with varying training lengths: 1%, 10%, 25
and 100% of total training iterations. This is done b
ing the number of iterations per epoch relative to th
250 training iterations for nnU-Net. Evaluation at each
length is performed using 5-fold cross-validation.

3.3. Task Characteristics Analysis

To identify dataset characteristics associated with
tation performance improvements, we correlate rela
formance gains with the following task measures:
ber of semantic classes, (2) training dataset size, (3)
volume coverage (the proportion of a full volume seen
gle patch), and (4) class imbalance, measured by the f
of the smallest class.

Spearman correlation tests are conducted for each t
acteristic against the relative Dice score improvement
CPS and PGPS curricula. Separate tests are performed
training length (1%, 10%, 25%, 50%, and 100%).

Additionally, we record the foreground ratio of inpu
the number of unique classes seen per iteration, and
size ratio across all three sampling strategies.

3.4. Progressive Resolution Curriculum

Another input-length curriculum in computer visio
gressive resizing, also called Progressive Resolution
which gradually increases input resolution from low
This approach also modifies input length, transition
small to large input tensors. To compare our PGP
ula with Progressive Resolution, we evaluated both o
AMOS22, KiTS23, and MSD Lung Cancer, cove
highly imbalanced lesion tasks and two multi-organ ta
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Table 1: Performance of CPS, PGPS-Efficiency, and PGPS-Performance on 15 diverse 3D Medical Image Segmentation tasks. CPS refers to constant patch size
training, which is the standard nnU-Net training. All models have been trained from scratch. Dice score [%]: evaluated in 5-fold cross-validation as in [36]; ▲x%
Rel. Dice score: el. FLOPs
[%]: relative cou

Dataset %] ↓
PS-Perf

MSD Brain 84
MSD Heart 89
MSD Liver 84
MSD Hippoca 92
MSD Prostate 87
MSD Lung 89
MSD Pancrea 88
MSD Hepatic 88
MSD Spleen 89
MSD Colon 90
BTCV 89
KiTS23 84
AMOS22 89
ToothFairy2 88
TotalSegment 90

Norm. Avg. 88 ± 2.4
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Relative Dice score differences to CPS (▲ increase, ▼ decrease). Rel. Runtime [%]: relative runtime normalized to CPS’s runtime; R
nt of floating point operations to CPS value. Bold: Best performing sampling. Underlined: Second best performing sampling.

Dice score [%] ↑ ▲x% Rel. Dice score ↑ Rel. Runtime [%] ↓ Rel. FLOPs [

CPS PGPS-Eff PGPS-Perf PGPS-Eff PGPS-Perf PGPS-Eff PGPS-Perf PGPS-Eff PG

74.12 74.29 74.15 ▲ 0.23 ▲ 0.04 42 83 34
93.29 93.24 93.29 ▼ 0.07 ▲ 0.00 40 88 31
78.74 78.76 80.60 ▲ 0.03 ▲ 2.36 51 85 38

mpus 88.96 89.12 89.15 ▲ 0.20 ▲ 0.22 67 112 33
73.13 75.26 76.31 ▲ 2.91 ▲ 4.35 43 87 30
70.00 72.30 72.77 ▲ 3.29 ▲ 3.96 41 82 31

s 68.68 68.60 68.80 ▼ 0.12 ▲ 0.17 39 87 31
Vessel 68.61 68.05 68.98 ▼ 0.82 ▲ 0.54 47 87 33

97.02 95.85 97.15 ▼ 1.21 ▲ 0.13 42 86 33
48.41 50.83 51.02 ▲ 5.00 ▲ 5.39 38 87 28
83.37 83.05 83.81 ▼ 0.38 ▲ 0.53 41 88 29
86.02 87.22 86.46 ▲ 1.40 ▲ 0.51 45 86 27
88.62 88.10 88.78 ▼ 0.59 ▲ 0.18 49 87 33
76.92 77.15 77.00 ▲ 0.31 ▲ 0.11 34 85 26

atorV2 87.82 85.09 88.15 ▼ 3.11 ▲ 0.38 33 108 30

100.00 100.47 101.26 ▲ 0.47 ▲ 1.26 44 ± 9.5 89 ± 8.7 33 ± 2.6

ent the Progressive Resolution curriculum within
framework as follows: Input tensor sizes are
se used for the PGPS curricula; however, instead
op sizes, the default nnU-Net patch size is resam-
S’ target tensor size for each phase. Increasing

, as done in PGPS-Performance, is computation-
ive within nnU-Net for Progressive Resolution;
nly evaluate Progressive Resolution using a fixed
mentation performance of both curricula is com-

ice scores in a 5-fold cross-validation.

Architectures

ed curriculum can be applied to any vision back-
ports flexible input sizes. To assess its appli-
d CNNs, we further evaluated the curriculum
r-based hybrid architectures, specifically UN-
winUNETR [6], both combining a transformer
CNN decoder.
er-based models, architectural constraints define

easible patch size and increment: for UNETR,
ned by the internal patchify size (distinct from the

in patch-based training), while for SwinUNETR
the Swin window size. As transformers typically

input dimensions due to positional embeddings,
the positional embeddings for UNETR to match
tch sizes as in [3]. SwinUNETR does by default
sitional embeddings.
e both architectures into the nnU-Net framework,

the standard nnU-Net training, and evaluate on
taset using a 5-fold cross-validation. All back-
ed from scratch.

3.6. Stochastic Training Variability

Neural network training is inherently stochastic, a
that is amplified in patch-based pipelines, where both
pled volume and patch location are randomly selecte
oversampling constraints). Consequently, repeated
runs can yield different models and segmentation perf

To quantify this variability, we repeat training on a s
of the 5-fold cross-validation five times for each stra
periments are conducted on the BTCV multi-organ s
tion dataset and the highly class-imbalanced MSD Lun
dataset. Training lengths of 1%, 10%, and 100% of th
iteration count were analyzed.

To assess the stochastic impact of sampling, we bui
of each strategy’s segmentation performance outcome
uate all 125 possible outcome combinations per trainin
As each single outcome could be a potential result, w
terested in which sampling strategy ranks best in each
comparison. Thus, we count the number of scenarios
each strategy outperformed both other strategies.

4. Results

4.1. Benchmarking of Methods on 15 Datasets

We evaluate the PGPS curricula relative to the con
constant patch size (CPS) baseline across 15 popular
ical image segmentation tasks. Key measures include
tation performance, training runtime, and computati
in terms of FLOPs. Additionally, we also analyze the
convergence.
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tation performance convergence of CPS, PGPS-Performance, and PGPS-Efficiency across training iterations. Dice scores are tracke
s for different training lengths (1%, 10%, 25%, 50%, and 100% of nnU-Net’s default total training iterations). On average, PGPS-P
t convergence, while PGPS-Efficiency converges more slowly, due to the smaller input tensors that result in superior training speed

n average, best for PGPS-Performance, followed by PGPS-Efficiency and CPS. The average convergence over all 15 datasets (right) i
ch task by its maximum performance and then averaging across all tasks.

tation Performance

marizes the benchmarking between baseline and
pproaches on 15 datasets. Across the 15 datasets,
ance achieves the highest average Dice score,
tive improvement of 1.26% over CPS. It outper-
every task, while ranking as the best-performing

of the 15 tasks. In all 15 datasets, PGPS-
s among the top two strategies, and only in the
iTS23, ToothFairy2, and MSD Brain Tumor,
ance is surpassed by PGPS-Efficiency. PGPS-
delivers modest overall performance gains, with

rovement of 0.47% over all 15 tasks compared
tperforms CPS in 8 tasks and is leading in 3
er, in 7 tasks, it has the lowest Dice score. A
ed Wilcoxon signed-rank test comparing PGPS-

to CPS across all 15 datasets reveals a signifi-
ent for PGPS-Performance (p ≈ 0.0001). Addi-
-Performance significantly outperforms PGPS-
≈ 0.0103), confirming it as the superior strategy
ion performance. A two-sided paired Wilcoxon
st between PGPS-Efficiency and CPS shows no
erence (p ≈ 0.6788), indicating comparable seg-

formance between these two strategies.

4.1.2. Training Runtime Tracking

Table 1 shows the relative runtime for all 15 dataset
Performance requires approximately 89% of CPS’s
ranging from 82% to 112% across tasks. Tasks f
PGPS-Performance yields longer training times than
MSD Hippocampus and TotalSegmentatorV2, have
largest start batch sizes of 1575 and 784, respectivel
tal, the 15 tasks have an average batch size of aro
ranging from 128 to 1575. PGPS-Efficiency substan
duced training time, requiring only about 44% of CPS
(range: 34%–67%), achieving the fastest training wh
taining comparable segmentation performance.

4.1.3. FLOPs Tracking

As shown in Table 1, PGPS-Efficiency utilizes on
33% of the FLOPs of CPS on average, with a
26%–38%. Although PGPS-Performance is designed
mize the used GPU memory, it requires slightly fewe
than CPS, averaging 88% (range: 84%–92%). The
computational cost arises from the discrete nature of b
patch sizes, which prevents full usage of the GPU b
every epoch, resulting in lower FLOPs.
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g characteristics of PGPS curricula for the BTCV dataset with 14 classes. Left: PGPS curricula improve foreground-background vo
due to on average smaller patch sizes. Center: PGPS-Performance achieves the highest average number of unique classes per batch/i
es, while PGPS-Efficiency has the lowest. Right: CPS maintains a constant input tensor size; PGPS-Efficiency increases tensor size ex
rmance exhibits occasional size drops due to the discrete nature of patch and batch sizes.

gence Analysis
ows the convergence of segmentation perfor-

all 15 tasks over the number of iterations.
ing length, PGPS-Performance already achieves
ice score in 13 tasks, ranking second to CPS
Spleen and KiTS23. At 10% and 25%, PGPS-
utperformed both other strategies across every
, PGPS-Performance outperforms both other

pt for MSD Heart. However, the minimal dif-
results across methods and between training at
suggest that the performance is saturated in the

sk.
PS-Performance consistently converges faster
and PGPS-Efficiency, achieving superior results
of training-length scenarios for each task.
PGPS-Efficiency exhibits slower convergence

r sampling strategies, as shown in Figure 3, but
antially fewer computations, as seen in Table 1,
ly about one-third of the voxels. Nevertheless,
e of full training, PGPS-Efficiency reaches com-

some cases even superior segmentation perfor-
red to CPS.

racteristics Analysis

nderstand the improved convergence for PGPS
track several task characteristics during model
e BTCV dataset. Tracked characteristics include
ass balance, number of unique classes per iter-
ch size ratio. These are illustrated in Figure 4.
oth PGPS curricula exhibit higher class balance
raining phases compared to CPS, which main-
onary foreground-to-background ratio. The rea-
er surrounding background voxels are contained
eground patches. At the final stage, PGPS cur-
e to the same class balance as CPS due to iden-
es. The standard deviation of class balance is
S-Efficiency than for PGPS-Performance. PGPS-

Performance shows a discontinuous drop in class bal
ing later training stages, attributed to the discrete natur
and patch sizes.

Tracking the number of unique classes per iteratio
14-class BTCV task, PGPS-Performance produces bat
taining nearly all semantic classes (∼ 100%) during ea
size stages, converging to the stationary CPS value
in later stages. Small drops in unique classes per iter
again observed due to the discrete batch and patch size
Efficiency begins with the smallest fraction of uniqu
per iteration (∼ 18%), which gradually increases acr
size stages, eventually converging to the CPS value.
put tensor sizes of PGPS-Performance are the same as
but have occasional drops due to the discrete nature
and patch size. These drops result in the shorter trai
time observed for PGPS-Performance relative to CPS
Efficiency exhibits a monotonic, stepwise exponentia
in patch size ratio.

PGPS-Performance: Spearman tests do not yield an
cant correlation between PGPS-Performance relative
ments and the dataset characteristics of the number o
tic classes, dataset size, or patch-to-volume coverage.
significant correlation is negative, occurring for class i
measured via the smallest class frequency at trainin
of 1% (ρ ≈ −0.7429, p ≈ 0.0015) and 10% (ρ ≈
p ≈ 0.0351). This indicates that PGPS-Performance i
larly beneficial for highly imbalanced tasks.

PGPS-Efficiency: A significant positive correlatio
served between class imbalance (smallest class freque
relative performance at training lengths of 1% (ρ ≈ 0.5
0.0412), 10% (ρ ≈ 0.7679, p ≈ 0.0008), and 25% (ρ ≈
p ≈ 0.0134). Highly imbalanced tasks show reduce
mance in short training scenarios, but PGPS-Efficien
tually outperforms CPS at full training. This trend i
for lesion tasks such as MSD Brain, MSD Liver Tum
Prostate, MSD Lung Tumor, MSD Colon, and KiTS2

8
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tation performance for repeated training of CPS, PGPS-Efficiency, and PGPS-Performance across different training lengths (1%, 10%
l training iterations). Each experiment is repeated five times on the same data split with different random seeds. Variability dec
hile mean performance increases. The highly class-imbalanced MSD Lung Tumor dataset exhibits higher variance than the multi-c
rformance shows improved convergence and less performance variability between repeated runs. PGPS-Efficiency results in slower c
PS-Performance and has the highest performance variability. PGPS-Performance outperforms both other strategies in 100% of the 1
MSD Lung Tumor, while for BTCV, PGPS-Performance outperforms both other strategies in 58.4% of all combinations, as well as CP

-to-volume coverage correlates significantly with
mance at training lengths of 10% (ρ ≈ 0.5157,
nd 25% (ρ ≈ 0.5318, p ≈ 0.0382).

ve Resolution Curriculum

the Progressive Resolution curriculum, an input-
widely applied in computer vision [24, 25, 26],

t to 3D patch-based medical image segmenta-
hows Dice scores for Progressive Resolution and
cy. We find that our proposed PGPS-Efficiency

utperforms Progressive Resolution.
segmentation task MSD Lung Tumor, Progres-

n lags behind PGPS-Efficiency by 2.9 Dice points
2.30%), and in KiTS23 by 1.2 points (84.63%
These results highlight that Progressive Reso-
s in highly imbalanced settings, where PGPS-

vides a clear advantage.
rgan segmentation tasks, such as BTCV and
performance gap is smaller. Progressive Resolu-
2.93% Dice on BTCV, close to PGPS-Efficiency
ilarly, in AMOS22, it reaches 87.98%, compared

res of Progressive Resolution (Prog. Res.) and Progressive
Size (PGPS) curricula. PGPS increases patch size during
Progressive Resolution increases patch resolution. PGPS-

tently outperforms Progressive Resolution, with the largest
highly imbalanced lesion tasks. Across all datasets, Progres-
the lowest-performing strategy. Results are reported as mean
a 5-fold Cross-Validation. Bold: best-performing strategy.

et Prog. Res. PGPS-Eff

Lung Tumor 69.42 72.30
23 84.63 87.22

82.93 83.05
S22 87.98 88.10

to 88.10% for PGPS-Efficiency. Although difference
multi-organ tasks are less pronounced, Progressive R
is still the lowest-performing strategy for all cases.

4.4. Different Architectures

We further assess the generalizability of PGPS by a
to transformer-based backbones (UNETR, SwinUNE
sults for the BTCV dataset are reported in Table 3 and c
to nnU-Net’s default UNet backbone.

PGPS-Performance consistently improves segment
formance across all architectures. Compared to C
scores increase by +0.44 points for nnU-Net’s full
lutional UNet (83.37% → 83.81%), +1.56 points
ETR (71.20% → 72.76%), and +3.77 points for Swi
(71.62% → 75.39%). These results indicate tha
Performance provides benefits not only for convolut
also for transformer-based models.

In contrast, PGPS-Efficiency yields mixed results.
Net, performance slightly decreases by −0.32 Dic
(83.37% → 83.05%), and for SwinUNETR it
marginally by +0.36 points (71.62%→ 71.98%). For

Table 3: Impact of PGPS-Efficiency (PGPS-Eff) and PGPS-P
(PGPS-Perf) on different backbones for the BTCV task. Results a
as mean Dice score (%) across five folds. PGPS-Performance consi
performs CPS across all architectures. PGPS-Efficiency converge
and SwinUNETR but fails for UNETR due to gradient instability.
reported as mean Dice score (%) of a 5-fold Cross-Validation. B
performing strategy. Underlined: second-best-performing strategy.

Backbone CPS PGPS-Eff PGPS

UNet (nnU-Net) [2] 83.37 83.05 83
UNETR [5] 71.20 0.00 72
SwinUNETR [6] 71.62 71.98 75

9
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c Training Variability

mmarizes the variability in segmentation perfor-
epeated training. MSD Lung Tumor shows over-
mentation performance variability than for the
. Two consistent trends are observed: (i) outcome
strategy decreases as training length increases,
ng strategy PGPS-Performance dominates across
nd training length scenarios in segmentation per-
CPS and PGPS-Efficiency.

-Performance dominates early training (1–10%),
highest segmentation performance in all compar-
PS and PGPS-Efficiency. At full training, it still
ajority of wins (58.4%) over CPS and PGPS-

the highest Dice score (79.57%±0.37), followed
%±0.47) and PGPS-Efficiency (78.85%±0.41).

Tumor: Across all training lengths, PGPS-
wins every sampling strategy comparison and
ighest Dice score (78.98% ± 1.10), outperform-
1%±1.23) and PGPS-Efficiency (73.34%±2.86).
segmentation performance per sampling strategy
rt training lengths but stabilizes as training pro-

, we introduced a novel curriculum learning strat-
essively increases patch size during training. The
s implemented in two modes: one optimized for
performance and the other for computational ef-
ave evaluated Dice score performance, training
nd computational cost across 15 diverse datasets
n, multi-organ, vessel, muscle, and skeletal seg-
d compared it to standard constant patch size
g. The performance mode demonstrates substan-

e improvements over CPS while simultaneously
putational costs in terms of FLOPs and training
ciency mode matches the segmentation perfor-
, while drastically cutting both FLOPs and train-
ore than half. In addition, we have successfully
rriculum on multiple network backbones, includ-
ETR, and SwinUNETR, thereby confirming its
ility. In the following, we discuss the key factors
erformance gains, as well as the limitations and

f the Progressive Growing of Patch Size (PGPS)
added a detailed comparison between the original
S modes in [33] and the newly proposed modes
E. The newly proposed modes outperform the

s in segmentation performance and computational

Our proposed curriculum is a novel approach for
class imbalance in image segmentation. PGPS impl
hances class balance, as smaller patches contain propo
fewer background voxels. This effect is particularly b
for imbalanced tasks, as class balance has shown a s
correlation with improved segmentation performance
periments.

Another approach for improving class balance
riculum Adaptive Sampling for Extreme Data I
(CASED) [15], which explicitly increases foreground
pling at the beginning of training and gradually reduc
time. While CASED relies on a large batch size, it
patch size (e.g., patch size of 683 and batch size of
method, however, follows the configuration principles
ern segmentation frameworks such as nnU-Net, whic
tize a large patch size over the batch size (typically b
of 2). In principle, CASED could be integrated into
further enhance class balance, offering a promising
for future research.

5.2. Factors Contributing to Segmentation Performan

The segmentation performance gains achieved by P
ricula can be attributed to several factors beyond the
class balance. For PGPS-Performance, the model is
to a larger number of unique classes per iteration, alth
correlation between class count and performance was n
tically significant. Additionally, the larger batch sizes
Performance increase exposure to data augmentations
mote sampling from more diverse patch locations, l
broader coverage of the data distribution without lo
tial resolution or altering the forced foreground-to-ba
ratio. This is supported by the near-significant co
between patch-to-volume coverage and performance
ment (ρ ≈ −0.4978, p ≈ 0.0590) at 50% trainin
for PGPS-Performance. Interestingly, most correla
strongest at shorter training lengths. We attribute th
formance saturation at full training, which dampens di
between sampling strategies. Performance gains are c
with existing studies on LLM training, indicating th
input sequences reduce gradient variance, improving
stability [20].

Furthermore, we hypothesize that the aforementione
have contributed to the overall performance gain of P
CPS training, but disentangling those factors will be s
future research. While PGPS-Efficiency cut training
strongly, while keeping comparable segmentation per
to CPS, PGPS-Performance was able to significantl
form standard CPS training on average on 15 data
proving segmentation performance on each dataset, w
slightly reducing computational costs.

5.3. PGPS on Different Backbones

PGPS-Performance improves the segmentation per
for all different tested backbones. Therefore, we hy
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urce effi-
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cient learning, similar to findings reported for
e models in [20]. When trained from scratch,
ased architectures generally lag behind CNNs
ck of strong inductive biases [48]. While large-
ing is a common solution to mitigate this lim-
veral approaches have been proposed to intro-

bias directly into Transformers, such as CNN-
distillation [48] or architectural modifications

ndow attention [49, 4].
s demonstrate that the proposed PGPS-
curriculum consistently improves segmentation
cross all evaluated architectures, including UNet,
SwinUNETR. In contrast, the PGPS-Efficiency
ges successfully for UNet and SwinUNETR but
TR. We hypothesize that the stronger inductive
t and SwinUNETR enable effective learning even

input context, whereas UNETR appears more
mited information, leading to training instabili-
rformance appears to enhance the training signal
constant patch size training, thereby improving
r UNETR as well. Another potential factor for
ability under PGPS-Efficiency is that simple in-
positional embeddings may be suboptimal, while
rchitectures do not rely on such embeddings.

y, we hypothesize that training with PGPS-
acilitates the learning process by improving the
raining signal, particularly for architectures lack-
uctive bias, such as Transformers. Although we
e pretrained Transformer weights in this work, an
question remains how transfer learning and pre-
ntations interact with PGPS-based curricula.

son to Progressive Resolution

mpared our PGPS curriculum to the other input-
curriculum, Progressive Resolution, which is
the Computer Vision domain to efficiently train
odels [24, 25, 26, 30, 31, 27, 28, 29]. Both

esolution and PGPS are simple by design and do
ditional computational costs (FLOPs) like hard-
g approaches [50, 15] or additional human input
is automatic and generally applicable to medical

tation, and is actually orthogonal to other forms
5, 50, 13, 14, 16].
demonstrate that PGPS consistently outperforms
esolution in the tested patch-based segmentation
s likely due to improved class balancing with
Progressive Resolution does not affect the class
hereby matches the class balance of CPS. The
p in performance of Progressive Resolution in

nced tasks further supports this claim. Progres-
n is thus only suited for global image-level pre-
uch as classification [24], image generation [17],
rning [31], and CLIP alignment [30]. By con-
more effective for dense prediction tasks, such

5.5. Stochastic Training Variability and Model Valida
A further challenge is the variance in reported perf

in repeated training of the same model due to stochas
ing variability in deep learning. For example, Dice
the default nnU-Net on the BTCV task vary widely,
der the same data splits: 83.37% (ours), 83.76% (M
Publication [51]), and 83.08% (nnU-Net Revisited [4
prisingly, even the stronger and larger nnU-Net ResEn
(M: 83.31%, L: 83.35%, XL: 83.28%) reported in [40
performed by smaller default nnU-Net models report
MultiTalent publication [51] and in our experiments in
While the extent to which sampling alone explains t
crepancies remains unclear, differences in preprocess
different sample origin cache in nnU-Net) may also co

Furthermore, to assess the stochastic training varia
report nnU-Net validation performance from related
were trained on one of our benchmarking datasets, a
pare them to our proposed PGPS framework in App
We have found that our proposed curriculum resulted
performing models than the scores reported in the l
which were trained via conventional CPS sampling.

In [40], Isensee et al. highlight that not all dat
equally suitable for model comparison due to a high
variance (intra-method) or a low systematic (inter-meth
ance. Suitable datasets, such as AMOS22, KiTS23, a
showed higher inter-method than intra-method standa
tion, whereas worse-suited datasets like BTCV show
standard deviation in their experiments. Improved con
via PGPS-Performance yields reduced stochastic diffe
to sampling, leading to improved segmentation per
and lower segmentation performance variance as se
periment 3.6. This provides a better signal-to-noise ra
ing PGPS-Performance a more reliable strategy for fa
comparison than standard CPS.

Following the strategy in [40], we exemplarily comp
and intra-method standard deviation for PGPS-Perform
BTCV and KiTS23. Details on the experiment and r
reported in Appendix D. We found that PGPS-Per
sampling yields better method comparison, as the inte
to intra-method standard deviation ratio is improved
datasets when switching from CPS to PGPS-Performa
pling.

5.6. Scalability and Computational Bottlenecks
The primary benefit of PGPS curriculum is reso

ciency. The limit of this speedup is determined by
ance between CPU-driven dataloading and GPU-driv
putation. In the PGPS-Efficiency mode, the GPU rem
bottleneck, ensuring a consistent wall-clock speedup o
dard constant patch size training because dataloading
ments remain unchanged.

In contrast, the PGPS-Performance mode scales ba
extensively, which can shift the bottleneck to the CP
vestigated in Appendix A, one-patch-per-volume sam
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ulti-patch-per-volume sampling strategy, which
eed advantage (reducing KiTS23 runtime to 86%
ampling multiple patches from a single loaded
e framework-level optimizations like subvolume
n recent nnU-Net versions via blosc2 library) can
e these costs, our results suggest that algorithmic
egies remain the most generalizable solution for
alability across different deep learning libraries.

and Outlook

, we have introduced a novel curriculum for se-
ntation based on increasing the patch size dur-

e have evaluated the curriculum on 15 diverse
D medical image segmentation datasets against
nstant patch size baseline. We have proposed

modes: PGPS-Performance, which has been
istently outperform constant patch size sampling
ets, in terms of Dice score, while requiring only
ginal training time, and PGPS-Efficiency, which
erformance of conventional constant patch size
drastically reducing training time to 44%. We

rated that modifying the sampling strategy sub-
lerates training convergence and statistically sig-
roves final Dice score performance for patch-
ical image segmentation.
own that Progressive Resolution, a well-known
utomatic curriculum based on image resolu-

0, 31, 27, 28, 29], leads to performance decreases
ents and is more suited for solving global image-
e classification or contrastive pretraining. This
need and research gap for a curriculum learning
ense prediction tasks. In contrast, our proposed

sed on patch size did improve the segmentation
nd is, to the best of our knowledge, the first input-
lum based on patch size in the computer vision
aging domains.

s shows that tasks with strong class imbalance
rom PGPS, underscoring the importance of sam-
s in patch-based training. Importantly, the ad-

GPS are not limited to UNet-style architectures.
able to demonstrate consistent improvements for
ance across both convolutional and transformer-

, including UNet, UNETR, and SwinUNETR,
e broad applicability of the method.

ngth of our approach is its simple integration
entation backbone training. Depending on

n, users can choose between PGPS-Efficiency
rimentation with reduced compute and carbon
GPS-Performance for maximizing segmentation
n deployment settings, while also benefiting from
bon footprint. Furthermore, PGPS-Performance

reliable model comparison by improving the
ratio, due to improved convergence, and thereby

We envisage several promising directions for fu
search. The curriculum approach sequence length warm
shown to reduce the gradient variance in training large
models, enabling larger learning rates and batch size
ing in extremely short training time to only 6% of the
time [20]. We have not explored hyperparameter tuni
experiments, but anticipate that this could lead to fur
time reduction. Although non-linear patch-size pac
tions could potentially improve curriculum convergen
ficiency, evidence from the NLP domain suggests that
vanced schedules often introduce additional complex
out a corresponding boost in performance [20].

While most research in medical image segmentatio
dominantly conducted in the architectural design of ba
we argue that the sampling strategy itself is a vas
looked area and requires more exploration. Advances
entiable and adaptive sampling strategies, such as diffe
top-k Patch Sampling [38], open new directions for
ing patch-based sampling. Beyond patch sampling, a
paradigms such as multi-scale frameworks [37] or cas
chitectures [2] aim to reduce reliance on patching a
but patch-based methods remain dominant in segment
formance today [38].

In summary, we recommend PGPS-Performan
new default sampling strategy for training 3D pat
segmentation backbones for deployment. It is con
simple, easy to implement within existing framework
nnU-Net, and provides consistent improvements in
mentation performance and resource efficiency, estab
strong novel sampling strategy in patch-based 3D me
age segmentation.
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learning via
winter conf
5664.

[32] E. Arani, S.
purpose sem
conference

[33] S. M. Fische
J. A. Schna
curriculum
ence on Me
Springer, 20

[34] S. Roy, G.
P. F. Jaeger
of convnets
ence on Me
Springer, 20

[35] J. Ma, F. L
for biomed
(2024).

[36] F. Isensee, P
mated desig
tion, arXiv p

[37] K. Kamnits
Kane, D.
scale 3d
sion segm
doi:https://d

[38] Y. S. Jeon, H
Efficient 3d
sampling, in
Computer-A

[39] M. J. Cardo
A. Myronen
work for de

[40] F. Isensee, T

P. F. Jaeger, nnu-net revisited: A call for rigorous validation in 3d med-
ical image segmentation, in: International Conference on Medical Im-

r, 2024, pp.

-Schneider,
. M. Sum-
ommunica-

ipoli, E. Fi-
l structures

ce on Com-
–5248.

inck, A. W.
egmentator:
Radiology:

nikolopou-
CCAI 2023
2023, Van-
0, Springer

ng, W. Ma,
benchmark

information

lein, Miccai
allenge, in:
ranial Vault

. H. Maier-
nal Confer-
ntervention,

, H. Jégou,
ough atten-
, 2021, pp.

ze datasets,

object de-
f the IEEE
6, pp. 761–

. H. Maier-
ge segmen-
puting and
.
Trofimova,

us: Enforc-
iv preprint

aier-Hein,
biomedical
nUNet, ac-

K. Franke,
feature re-

ings of the
ter Vision,

nu-net is all

a, M. Ilse,
l., Compre-
erstanding,

Auto-nnu-
iv preprint
Jo

ur
na

l P
re

-p
ro

of

rence on Natural Language Processing (Volume 1: Long Pa-
pp. 5493–5505.
Sun, Z. Yu, L. Ding, X. Tian, D. Tao, On efficient training of
eep learning models, ACM Computing Surveys 57 (3) (2024)

o, X. Wu, M. Zhang, C. Holmes, C. Li, Y. He, Deepspeed data
mproving deep learning model quality and training efficiency
data sampling and routing, in: Proceedings of the AAAI Con-
rtificial Intelligence, Vol. 38, 2024, pp. 18490–18498.
Le, Efficientnetv2: Smaller models and faster training, in:
l conference on machine learning, PMLR, 2021, pp. 10096–

. Yue, R. Lu, Y. Han, S. Song, G. Huang, Efficienttrain++:
curriculum learning for efficient visual backbone training,

actions on Pattern Analysis and Machine Intelligence (2024).
.-Y. Huang, P. Sun, J. H. Cho, A. Madotto, C. Wei, T. Ma,
ajasegaran, H. Rasheed, J. Wang, M. Monteiro, H. Xu,
. Ravi, D. Li, P. Dollár, C. Feichtenhofer, Perception en-
best visual embeddings are not at the output of the network,
13181 (2025).
T. Darcet, T. Moutakanni, H. Vo, M. Szafraniec, V. Khali-
nandez, D. Haziza, F. Massa, A. El-Nouby, et al., Di-
ing robust visual features without supervision, arXiv preprint
07193.
, H. V. Vo, M. Seitzer, F. Baldassarre, M. Oquab, C. Jose,
, M. Szafraniec, S. Yi, M. Ramamonjisoa, et al., Dinov3,

int arXiv:2508.10104.
A. Bardes, D. Fan, Q. Garrido, R. Howes, M. Muckley,
. Roberts, K. Sinha, A. Zholus, et al., V-jepa 2: Self-
ideo models enable understanding, prediction and planning,

int arXiv:2506.09985.
im, B. Bhanu, W. Kuo, Reclip: Resource-efficient clip by

h small images, Transactions on Machine Learning Research.
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Appendix A. Batch Construction Strategies
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efficiently utilize GPU resources during early
ance stages with smaller patches, the batch size
either by (1) drawing patches from more patient

) extracting multiple patches per patient volume.
d four patch sampling strategies, Single-Volume,
lit-Crop, and Single-Crop, on the MSD Lung Tu-
analyze their influence on convergence and gen-

trategies: Single-Volume crops all patches from
lume, while Multi-Crop and Split-Crop sample

ent volumes. In Split-Crop, one patient provides
tches and the other background patches, whereas
aws both from each patient. Single-Crop follows
heme, loading as many patients as the batch size,
atch per patient, thereby maximizing patient di-
ting patch overlaps.
MSD Lung: All PGPS-Performance batching

verged faster than the baseline Constant Patch
tup (Fig. A.6). Single-Volume exhibited strong
d Multi-Crop showed moderate overfitting. Split-

the most stable convergence and highest Dice
while Single-Crop slightly lagged in convergence
ime analysis showed that Split-CropSplit-Crop
p ran efficiently (82% of CPS runtime), whereas
quired more dataloading time (87% of CPS run-
for each batch, many distinct patient volumes

ded.
set Runtime Comparison: While Split-Crop al-
erlaps, Single-Crop prevents this. To quantify
large high-quality benchmark datasets, we pick
KiTS23 to evaluate segmentation performance

onal costs. Table .4 reports Dice scores, FLOPs,
normalized to the CPS baseline. Both PGPS
stently improved segmentation performance over
t-Crop was much more efficient. Single-Crop

20 40 60 80 100Training Iterations [%]

CPSPGPS-Perf (Split-Crop)PGPS-Perf (Multi-Crop)PGPS-Perf (Single-Crop)PGPS-Perf (Single-Volume)

onvergence of different batching strategies for PGPS-
he MSD Lung Tumor dataset. Increasing batch size can be
ling from more patients or generating multiple crops per pa-
occurs when both foreground and background patches are
me patient.

bers of patient volumes. In contrast, Split-Crop achiev
identical performance with far lower computational
(82–87% of CPS runtime), while achieving higher
tation performance than Single-Crop in AMOS22 a
Lung. For larger-batch datasets such as TotalSegme
(batch size 1575), these runtime penalties for Sin
would become prohibitively large.

Conclusion: The choice of batch construction has
impact on generalization and computational efficienc
Crop offers the best trade-off between convergenc
segmentation performance, and runtime, and wa
fore adopted as the default batching strategy for a
Performance experiments. The Single-Crop strategy
useful for applications prioritizing maximal patch var
larging patch diversity by preventing patch overlap
seem to improve performance in our experiments.

Our experiments were run with nnU-Net version 2
cept for the newer ResUNet model experiment in App
for which we used nnU-Net version 2.6.1. In the ol
Net versions, full volumes are loaded to create patche
ing in high dataloading costs. For that case, loading m
umes can significantly increase the training wall-clock
dataloading becomes the bottleneck of the training pi
seen for AMOS22 and KiTS23 training with Single-C
egy. Newer versions of nnU-Net (from 2.6 on) enabl
ume loading via the blosc2 data caching and thus re
dataloading costs heavily. This also allows us to run th
Crop strategy with shorter wall-clock runtimes than CP
new nnU-Net versions.

Furthermore, we argue that there is overfitting for t
Crop and Single-Volume strategy, which might stem
lower batch diversity. Single-Volume offers the low
sity due to the highest overlap of patches. On the o
Single-Crop potentially also leads to overfitting due to
lesions in the dataset during the small patch size stag
Crop, overcomes both potential risks.

Appendix B. Orientation Sensitivity

Setup: Smaller patches reduce global spatial conte
can hinder segmentation of directionally defined s
(e.g., left/right or upper/lower). Orientation sensitiv
across datasets: BTCV and AMOS22 each include 4 d
ally defined classes out of 14 and 15, TotalSegmenta
cludes 66 out of 107, and ToothFairy2 includes 32 o
Mirror augmentation, the nnU-Net default, can furthe
orientation cues by inverting anatomical structures. W
CPS and PGPS-Performance with and without mirror
tation on these datasets using 5-fold cross-validation.

Results: As shown in Table B.5, the influence of m
mentation depends strongly on dataset orientation se
For BTCV and AMOS22, effects were minimal, wit
Performance consistently outperforming CPS. In Tota
tatorV2, disabling mirroring substantially improved re
PGPS-Performance achieved the best overall Dice sco
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Table .4: Comparison of Dice scores, FLOPs, and relative runtime across three datasets for Constant Patch Size (CPS) and Progressive Growing of Patch Size
(PGPS) variants with split- and single-crop sampling. All values are normalized to the CPS baseline. PGPS-Perf (Single-Crop) also improves Dice score over CPS
but incurs substan
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tial runtime overhead due to increased dataloading costs.
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(Split-Crop)
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st degradation occurred in ToothFairy2, where
are directionally defined; mirror augmentation
ed performance for CPS and PGPS-Performance,
y for the curriculum. Disabling mirroring did re-
performance gain for both sampling strategies in
here PGPS-Performance did outperform CPS.
GPS-Performance remains beneficial when
sitive classes form only a subset of labels,
when such classes dominate the dataset. We

mmend caution with mirror augmentation in
ge numbers of directional-defined classes, as it
with PGPS’s progressive curriculum and limit
ains. Additionally, a CPS-trained network would
m disabling mirroring.

t of mirror augmentation on CPS and PGPS across datasets
onally defined semantic classes. Results are mean Dice scores
oss-validation.

With Mirror Without Mirror

CPS PGPS-Perf CPS PGPS-Perf

83.37 83.81 82.93 83.09
88.62 88.78 88.56 88.63
84.56 84.64 87.82 88.15
63.23 47.08 76.92 77.00

nnU-Net Performance in Related Work

assessed the variability in segmentation perfor-
s reported for nnU-Net baselines in the literature.
reviewed publications that employed nnU-Net in
nd reported results from 5-fold cross-validation
ntained in our benchmark.
total, we identified ten sources (nine publications
l DKFZ nnU-Netv2 GitHub repository) that pro-
validation scores. Although this collection might
tive, it reflects the diversity of nnU-Net perfor-
currently published in the field.
ummarizes Dice scores reported across the Med-
tion Decathlon (MSD), BTCV, KiTS23, and
sets. Most of these results originate from the
h group [34, 36, 40, 53, 54, 55], who developed

and maintain nnU-Net framework. Another external
tion was found using nnU-Net as baseline [57]. In Fi
we plot the normalized standard deviation in perform
all trained models per dataset. Note that scores origin
different nnU-Net versions (nnU-Netv1, nnU-Netv2 a
ent pip package versions), but DKFZ claims that both
equivalent segmentation performance [53].

For datasets, where we found multiple CPS-based r
seen in Table C.6, the variance in reported perform
derscores the variability of training outcomes across
runs. Despite this variability, our proposed PGPS-Per
curriculum consistently achieves the highest Dice sco
all evaluated datasets except MSD2. The exception f
could result from orientation sensitivity, described in A
B, as for MSD2, only the left atrium has to be segmen

Figure C.7: Radar Plot of publicly available vanilla nnU-Net segme
formances, trained via standard constant patch size, relative to our P
ula results. We standardized Dice scores across all training runs per
ing z-score normalization. Training with PGPS-Performance consi
performed CPS across all datasets, except MSD2, while PGPS-Effi
on par with CPS. Performance values per publication are shown in
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Table C.6: Comparison of nnU-Net baselines and related models across the Medical Segmentation Decathlon (MSD), BTCV, KiTS23, and AMOS22-CT/MRI
datasets. Reported values are the mean Dice scores over 5-fold cross-validation as provided in the respective publications. The final two rows show the performance
with our propose patch size
(CPS) strategy. B erformance
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d Progressive Growing of Patch Size curriculum, while all other rows show nnU-Net instances trained using the default constant
old values indicate the best result per dataset, underlined values the second best. Overall, models trained via our proposed PGPS-P
in all scenarios except MSD2, better segmentation performance than the CPS baseline. In two scenarios, it PGPS-Efficiency scored

ce. Note that for PRIMUS [52], the authors only averaged over 4 instead of 5 folds in the original publication.

tion MSD1 MSD2 MSD3 MSD4 MSD5 MSD6 MSD7 MSD8 MSD9 MSD10 BTCV KiTS23 AMOS22

Size:
36] 74.11 93.28 79.71 88.91 75.37 72.11 67.45 68.37 96.38 45.53 82.79 – –
o) [53] 73.98 93.34 79.53 88.95 75.01 69.83 67.17 68.41 96.90 45.04 83.25 – –
[40] – – – – – – – – – – 83.08 86.04 88

– – – – – – – – – – 83.76 – –
– – – – – – – – – – 83.56 – –
– – – – – – – – – – 82.96 – 88

et is All You Need [55] – – – – – – – – – – – – 88
– – 80.09 – – 70.32 – – – – – 86.04 –
– – 79.29 – – – – – – – – 85.99 88

7] 73.98 93.39 79.45 89.04 73.53 68.33 66.07 68.31 96.66 46.04 – – –
74.12 93.29 78.74 88.96 73.13 70.00 68.68 68.61 97.02 48.41 83.37 86.02 88

wing of Patch Size:
iency) 74.29 93.24 78.76 89.12 75.26 72.30 68.60 68.05 95.85 50.83 83.05 87.22 88
ormance) 74.15 93.29 80.60 89.15 76.31 72.77 68.80 68.98 97.15 51.02 83.81 86.46 88

ese findings confirm that our proposed PGPS-
does result in improved performance over re-
different hardware and environments.

More Reliable Backbone Comparison

discussed in Section 5.5, the proposed PGPS-
trategy is expected to provide a more reliable ba-
comparison than standard Constant Patch Size
. To evaluate this assumption, we conducted
n the BTCV and KiTS23 datasets, which were
[40] as the least and most reliable benchmarks
comparison, respectively. Following [40], we
atio between the inter-method and intra-method
tions. A higher ratio indicates that architectural
minate over random variation, meaning that the
aining setup allow for more meaningful model
e used the nnU-Net ResEnc variants (M, L, and

ale both patch size and model capacity, alongside
U-Net configuration. Each model was trained us-
and PGPS-Performance sampling strategies, al-
ssess whether PGPS-Performance improves the
ratio in backbone comparisons.

arison of Dice scores between Constant Patch Size (CPS) and
ing of Patch Size (PGPS) training strategies across nnU-Net
n BTCV and KiTS23 datasets. Values indicate mean Dice
cross-validation. Bold values mark the highest performance

nd dataset.

BTCV KiTS23

CPS PGPS-Perf CPS PGPS-Perf

orig.) 83.37 83.81 86.02 86.46
83.48 83.97 87.05 88.00
83.30 84.18 88.24 88.64
83.30 84.03 88.68 88.93

Table D.8: Comparison of Dice score variability across nnU-Net a
variants for Constant Patch Size (CPS) and Progressive Growing o
(PGPS) on BTCV and KiTS23. Reported values represent the me
deviation of the Dice score over 5-fold cross-validation. The inter/in
ratio indicates how clearly the dataset ranks architectures (highe
PGPS-Performance increases this ratio, improving backbone comp

BTCV KiTS

CPS PGPS-Perf CPS PG

nnU-Net (orig.) 2.24 2.54 1.77
ResEncM 2.09 2.25 1.55
ResEncL 2.52 2.48 0.92
ResEncXL 2.20 2.27 1.19

Avg. Intra-Method SD [%] 2.27 2.38 1.358
Inter-Method SD [%] 0.74 1.33 1.037
Inter/Intra Ratio [%] ↑ 32.6 55.6 76.4

Results: Table D.7 summarizes mean Dice scor
both datasets. For BTCV, the lowest performing nnU-
ant trained via PGPS-Performance resulted in even hi
mentation performance than all model variants for C
pling. Also for KiTS23, PGPS-Performance samp
proved segmentation performance over CPS samplin
increasing model capacity had a higher impact on the
tation performance for all variants.

While PGPS-Performance generally improved abso
formance for all architectures, another critical find
cerns the reduction in statistical variance across train
and architectures. Table D.8 shows the intra- a
method standard deviations and the resulting inter
tios. On the KiTS23 dataset, previously shown to
the very stable comparison signal [40], the ratio
nearly constant (76.4% vs. 76.7%), indicating that b
and PGPS-Performance allow for consistent differen
model scales. In contrast, on BTCV, which is kn
a low signal-to-noise ratio for backbone comparison
Performance substantially increased the ratio from
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Table D.9: Comparison of Dice scores [%] across the Medical Segmentation Decathlon (MSD) tasks. We report results for the baseline constant patch size training
(CPS), the new PGPS modes introduced in this work (PGPS-Eff, PGPS-Perf), and the original PGPS modes from MICCAI 2024 (PGPS, PGPS+) [33]. Values
are color-coded re g sampling.
All values are me old version,
while also yieldin sk, while it
has doubled the c e yields the
highest segmentat
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lative to CPS: green = better than CPS, red = worse than CPS. Bold: Best performing sampling. Underlined: Second best performin
an Dice scores in 5-fold cross-validation as in [36]. The newly proposed PGPS-Efficiency is more computationally efficient than the
g a better Dice score. PGPS-Performance achieves the highest Dice score and is the only curriculum outperforming CPS on every ta
omputational costs compared to PGPS+. While PGPS-Efficiency is the most efficient version of the four curricula, PGPS-Performanc
ion performance.

Dataset CPS New (This Work) Old (MICCAI 2024)

PGPS-Eff PGPS-Perf PGPS PGPS+

MSD Brain 74.12 74.29 74.15 74.12 74.21
MSD Heart 93.29 93.24 93.29 93.21 93.28
MSD Liver 78.74 78.76 80.60 78.91 79.38
MSD Hippocampus 88.96 89.12 89.15 89.11 89.07
MSD Prostate 73.13 75.26 76.31 75.66 75.31
MSD Lung 70.00 72.30 72.77 72.63 73.33
MSD Pancreas 68.68 68.60 68.80 68.24 68.22
MSD Hepatic Vessel 68.61 68.05 68.98 67.82 68.71
MSD Spleen 97.02 95.85 97.15 96.21 96.54
MSD Colon 48.41 50.83 51.02 49.25 49.67

Avg. Normalized Dice Score [↑] 100.00 100.94 101.72 100.66 101.04
Rel. FLOPs [↓] 100.00 0.32 0.88 0.35 0.41

emonstrates that PGPS-Performance effectively
signal-to-noise ratio, thereby yielding more reli-
retable backbone comparisons. Intra-Method SD
sed for KiTS23, while for BTCV it is increased.
ent in section 3.6, we focused on repeating train-
e fold. In contrast, here the standard deviation is
r five folds, such that fold difficulty (annotation
difficulty) itself also plays an important role.
se findings confirm that PGPS-Performance en-
tation performance but also improves the robust-
comparing different methods or backbones.

Comparison Between MICCAI 2024 PGPS
Modes and Newly Proposed PGPS Modes

compares the PGPS modes introduced in our
work (PGPS, PGPS+) [33] with the newly pro-
(PGPS-Efficiency, PGPS-Performance). The

light methodological updates and their practical

. Methodological Differences

nces between the MICCAI 2024 and current
re:

al patch size stage: The new modes code we
a PyTorch normalization layer check that previ-
cked single-element tensors, enabling an extra

e stage. This results in slightly higher class bal-
both new PGPS curricula and larger batch sizes
-Performance.

e increments: Instead of fixed sequential axis
ICCAI 2024), the new modes always expand the

smallest axis first, leading to more balanced spati
and larger average batch sizes.

• Batch creation strategy: PGPS+ relies on Sin
whereas PGPS-Performance adopts a Split-Crop
This enables efficient training with much larger b
by reducing dataloading costs.

• Batch size policy: PGPS+ increases batch size
the input tensor dimensions grow monotonical
PGPS-Performance fully utilizes GPU memory
ing the average batch size and class balance.

Appendix E.2. Results and Observations
Table D.9 summarizes Dice scores and relative

tional costs for the Medical Segmentation Decathlon ta
observations include:

• Efficiency: PGPS-Efficiency reduces relative FLO
pared to PGPS while achieving slightly higher Di
benefiting from the additional patch size stage
proved class balance.

• Performance: PGPS-Performance achieves th
overall segmentation performance, outperformin
every task and exceeding PGPS+ due to its lar
size and class balance.

Overall, the newly proposed PGPS modes mark a
tial improvement over the MICCAI 2024 versions.
Efficiency provides the best trade-off between segm
performance and computational cost. PGPS-Perform
livers the highest segmentation performance while st
ing computational costs compared to CPS. Crucially,
Crop strategy in PGPS-Performance drastically red
aloading costs, making large-batch 3D segmentation
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feasible, whereas Single-Crop used in PGPS+ would be pro-
hibitively expensive for large batch sizes in terms of dataload-
ing costs, as se
yielding traini
Jo
ur

na
l P

re
-p
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of

en in Table .4 for datasets KiTS23 and AMOS22,
ng times double as long as for CPS.
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Algorithm 1 ncreasing
patch sizes, st ith PGPS
the class balan a pacing
function f (t), Pmax. A
batch samplin e. PGPS
offers two ope through
fewer FLOPs; ce while
keeping total heuristic
rules. The ”n t https:
//github.co

Require:
M: Mode
Pmin: min nU-Net’s
default UN 2num pool,
where num NETR or
SwinUNE
Pmax: term
bbase: term
T : total nu
m ∈ {resou
f : N → N size over
training it keep task
similarity atch size
axis that i ns.
µ: batch s first half
of the sam reground
patches by

1: for iterati

2: Retrie

3: Comp

4: Sampl

5: Perfor

6: end for
7: Inference
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Progressive Growing of Patch Size within the nnUNet Framework. Models are trained on progressively i
arting from a small initial patch size (Pmin) and reaching a final patch size (Pmax) used also for inference. W
ce during training is improved beyond just oversampling foreground patches. A curriculum is governed by
which maps each training iteration t to a patch size, starting at patch size Pmin and finishing at patch size
g policy µ regulates the ratio of foreground oversampling and the number of patches created per volum
rating modes: Resource-efficient mode maintains a constant batch size (bmax) to reduce wall-clock time
Performance mode scales the batch size inversely with patch volume to maximize segmentation performan

FLOPs comparable to standard training. nnU-Net as a framework configures many hyperparameters by
umel” operation counts the number of elements in the tensor. The complete code is given on GitHub a
m/compai-lab/2025-MedIA-fischer/releases/tag/v2.6.2

l Architecture (configured by nnU-Net)
imal patch size that architecture can process (architecture-dependent, thus configured by nnU-Net): For n
et, the minimum patch size length depends on the number of downsampling operations, and is given by
pool is the number of pooling operations for each axis. For the tested Transformer-based variants (U

TR): The minimum patch size is the internal transformer token size
inal patch size (configured by nnU-Net)
inal batch size (configured by nnU-Net)
mber of training iterations (configured by nnU-Net)
rce-efficient, performance}: curriculum mode
: pacing function, f (1) = Pmin, f (T ) = Pmax; Implemented as a simple step-wise linear function of patch

erations, where step sizes are defined by model architecture, which can only process multiples of Pmin. To
between patch sizes as large as possible, we increase one patch size axis at a time and always increase the p
s currently the smallest axis. Each patch size stage (Pmin, ..., Pmax) is trained for the same number of iteratio
ampling policy; Implemented by sampling bbase random volumes. Forcing bbase

2 foreground patches from
pled volumes and bbase

2 random patches from second half of the sampled volumes. nnU-Net generates fo
selecting a foreground voxel and using this as a center for the new foreground patch.

on t = 1 to T do
ve current patch size: P← f (t)

ute batch size:

b ←


⌊
numel(bbase, Pmax)

numel(P)

⌋
· bbase if m = performance

bbase if m = resource-efficient

e a mini-batch of b patches of size P according to policy µ

m forward pass, compute loss, update model weights

: Use terminal patch size Pmax for inference
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